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Abstract
The Surgical Case Assignment Problem (SCAP) is a key problem in managing Operating
Room and surgery wards. In the considered SCAP problem a set of patients and the related
surgery waiting list are given, together with a set of Operating Room (OR) blocks and a
planning horizon. The problem asks to determine the subset of patients to be scheduled
in the considered time horizon and their assignment to the available OR blocks. The aim
is to minimize a penalty associated to waiting time, urgency and tardiness of patients.
However, when the obtained solution is applied, unpredictable extensions of surgeries may
reduce the available time and thus may prevent to operate all the scheduled patients. As a
consequence, some of the patients must be rescheduled in the following days, and the overall
solution must be updated in order to manage them. Therefore, we propose an approach
combining offline and online decisions. The offline solutions are applied and modified
online so as to manage patients who have been cancelled and must be rescheduled and
newly patient arrivals. Uncertainty in surgery duration must be considered in the offline
step, so as to reduce the number of cancelled patients: we apply a cardinality-constrained
robust optimization approach to model the off-line scheduling problem. Tests on a set of
real-based instances are carried on. We apply the proposed two-step approach on a set of
randomly generated scenarios in order to assess its behavior in managing patients to be
rescheduled and new arrivals. Beside, we evaluate the benefit of applying a robust solution
rather than a non-robust one in the off-line step.
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1. Introduction and problem addressed
In recent years, hospital organizations have been facing a strong pressure to improve the
health care delivery processes and to increase their productivity and operational efficiency.
In the majority of the hospitals, surgical departments contribute significantly to the total
expenditure; besides, they have a great impact on services demands and patient waiting
times. The crucial role of surgery departments and their management within hospitals
results in an increasing number of research studies aimed at planning Operating Rooms
(ORs). Recent literature reviews on operating room planning and scheduling are reported
in [7] and [14], where the authors analyze into detail different topics related to the problem
settings and summarize significant trends in actual research and possible areas for the
future one. Due to the many features that can or cannot be taken into account, several
different versions of the OR problem have been considered in literature [8].
OR planning and scheduling problems may be classified according to the scheduling
strategy used, i.e. block scheduling, open scheduling, and modified block scheduling. In
the block scheduling, each specialty receives a number of OR blocks (usually half-day or
full day length) in a given planning period, into which it can arrange its surgical cases [30].
Instead, in the open scheduling, operating rooms are not reserved to a specialty: open
scheduling allows surgical cases to be assigned to any operating room available at the
convenience of the surgeons or surgical specialties [3]. Modified block scheduling strategy
is a mix of the two previous strategies, which can increas the flexibility of the pure block
scheduling approach [13].
In this paper we focus on the OR planning and scheduling problem assuming a block
scheduling strategy. Within this framework, the problem is usually decomposed into three
main phases [28]. Firstly, the number, type and opening hours of the ORs are fixed at a
strategic level. Second, the OR capacity is divided among surgical groups or specialties and
a cyclic timetable, denoted as Master Surgical Schedule, is built on a medium term stand
point to account for the tactical assignment of specialties to the OR blocks during the
planning horizon. The last phase, referred as Surgery Process Scheduling, is divided into
two sub-problems: Advance Scheduling and Allocation scheduling [20, 5]. The Advance
Scheduling Problem (ASP) assigns a surgery date and OR to the each scheduled patient,
afterwards the allocation scheduling problem determines the sequence of surgeries in each
OR block.
We set our analysis at an operational level and we focus our attention on the ASP
also known as surgical case assignment, surgery scheduling, surgery admission or surgery
loading problem.
Integer and mixed integer linear programming models have been developed for the
ASP assuming deterministic surgery times: langragian relaxation approaches [2], branch
and price algorithms [6, 12], heuristics [21, 19, 26, 17] and metaeuristics algorithms [24, 16]
have been recently proposed.
The OR planning and scheduling problem is further complicated by the inherent vari-
ability of the surgical cases durations, which forces the planners to over-conservative
scheduling, thus reducing the OR utilization level [29]. Modeling the stochasticity of
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operating times is a crucial factor in real life planning and scheduling systems, and differ-
ent assumptions on surgery duration distributions have high impact on the resulting OR
overtime and idle time [9].
Fewer papers have been published that propose methods to solve the surgery process
scheduling taking into account surgery durations uncertainty. The approaches can be
roughly classified into stochastic programming and robust optimization methods. In [11]
an advance scheduling problem is considered and uncertainty is managed using a two-stage
stochastic model with recourse. The objective function includes the patient waiting times
and the OR idle and overtime. The authors compare different heuristics. Furthermore, they
also analyze the influence of patient sequencing inside the OR blocks. In [22] a stochastic
programming model with recourse is presented. A sample average approximation method
to obtain an optimal surgery schedule with the aim of minimizing patient costs and OR
overtime costs is used. In [31] a mathematical program considering probabilistic constraints
to represent the uncertain duration of surgery procedures is proposed. The proposed model
tries to optimize OR utilization without increasing overtime and cancellations. In [10] two
models aimed at minimizing the overall OR cost including a fixed cost of opening ORs and
a variable cost of overtime are compared. The first is a two-stage stochastic linear model
with binary decision variables in the first stage and simple recourse in the second stage.
The second is its robust counterpart, in which the objective is to minimize the maximum
cost associated with an uncertainty set for surgery durations. They show that the robust
method is much faster than solving the stochastic recourse model, and has the benefit
of limiting the worst-case outcome of the recourse problem. In [15] different heuristics
for the robust surgery loading problem are proposed, with the aim of maximizing the
utilization of operating theatre and minimizing the overtime risk by introducing planned
slack times. In [27] a two-level framework is proposed. In the first level, a MIP model finds
a deterministic solution for the OR planning problem. In the second level, the variability
of surgery duration is taken into account by means of individual chance constraints for
each OR block and a robust solution is achieved by iteratively adding safety slacks to the
first level deterministic model solutions.
Simulation based approaches are also proposed in literature. Some authors use simu-
lation to compare different scheduling strategies and test the solution robustness against
the randomness of surgery duration [23, 28, 25]. Although the majority of the authors re-
stricts their analysis to the evaluation of alternative scenarios, advanced simulation-based
optimization approaches have been proposed combining simulation with other solution
techniques [4, 18].
In this paper we focus our attention on the advance scheduling problem problem in-
cluding uncertainty in surgery duration and combining offline and online decisions. The
offline step determines, for a given planning horizon, the set of patients to be scheduled in
each OR and day. In the offline step the initial waiting list at beginning of the planning
horizon, the inter-arrival times of new elective patients as well as emergent cases during the
planning horizon, are assumed to be known in advance. Offline solutions are based on the
results of our previous work on robust scheduling, where surgical durations are assumed
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lognormally distributed. The benefit of applying a robust solution rather than a non-robust
one in the off-line step should be evaluated. When the offline solutions are applied unpre-
dictable extensions of surgeries and/or emergent patient arrivals (anche se non lo facciamo
va detto che potrebber esserci arrivi emergenti imprevisti) may prevent to operate all the
scheduled patients thus distrupting the overall schedule. The offline scheduling is used
as a baseline schedule for online scheduling which is used to repair the baseline schedule
in order to manage patients who have been cancelled and must be rescheduled and new
patient arrivals to be planned. A rolling horizon based approach is used to solve the online
schedule. In particular, a scheduling model is applied at the end of each sub-period (for
example one week or two weeks) to re-schedule the patient cancelled in the sub-period,
re-optimize the assignment of patients to OR blocks for the next planning period while
”minimize” cancellations of pre-planned patients.
2. Optimization–re-optimization framework
Spiegare l’idea generale della struttura. Diciamo che per i sottoproblemi vengono usati
dei modelli, per la loro descrizione si rimanda alla relativa sezione
Optimization core
look-ahead model
Rule dispatcher
block scheduler
Rule dispatcher
real implementation
Real surgery
time
Waiting list
updater
cancelled
patients
New patients
arrivals
Actual
list
Leaving
patients
3. Models
In the ASP a set of elective patients I is given to be scheduled in a planning horizon. Let
D be the length in days of the planning horizon. We assume a block scheduling approach
and focus on a single surgical specialty, but the approach can be easily adapted to take
into account more than one specialty. A set J of OR blocks assigned to the specialty and
4
their schedule during a week are given. Each block is described by an operating room and
a week day. The planning horizon is then represented by a sequence of repetitions of the
same group of blocks in a set of weeks K. The available total time of a time block j in
week k, i.e. the OR block length, is denoted as γjk.
The patients in the set I belong to a waiting list, where patients are registered at the
moment they arrive at the service. For each patient i, let wi denote the number of days
which the patient has already spent in the waiting list at the beginning of the planning
horizon. Moreover, a maximum waiting time li and a corresponding urgency parameter ui
are given for each patient i. If the patient has spent wi days in the waiting list, he/she
must receive surgery before a due date ddi = li−wi, otherwise he/she is considered tardy.
According to the block weekly based pattern, if a patient is scheduled in block j ∈ J and
week k ∈ K, he/she waits a total number of days djk = 7(k − 1) + j. The surgery time t˜i
for each patient i is consider to follow a given probability distribution.
The Stochastic Advanced Scheduling (SAS) problem can be defined: select a subset of
patients to be operated on in the considered planning horizon and assign them to weeks
and OR blocks, while guaranteeing that the capacity of each block is not exceeded. The ob-
jective function aims at minimizing an overall penalty due to delay in serving the patients.
As proposed in [26] it takes into account both the urgency and waiting time of scheduled
and not scheduled patients. Besides, a penalty for due date violation and patient tardiness
is also considered ([1]).
The set of weeks in which a patient p can be rescheduled is denoted as Kf ⊂ K. For
each patient i belonging to the set I of patients to be scheduled in the online step, let
introduce the parameter ri which is equal to 1 if patient i must be rescheduled in the next
weeks k ∈ Kf and 0 otherwise.
To limit the impact of rescheduled patients and newly arriving ones, we accept a limited
number of disruption in the first weeks on the rolling period. Let us denote with EK the
first week set.
The problem can be formulated using the following set of binary variables
• xkij, such that x
k
ij = 1 if patient i is assigned to block j in week k ∈ K, and zero
otherwise.
• zsi number of cancellations of pre-planned patients
• ysi number of patients added to the schedule and not previously pre-planned to be
operated on
The objective function is formulated as follows:
min
∑
i∈I
{∑
j∈J
∑
k∈K
[
djk + (wi + djk − li)
+
]
uix
k
ij (1)
+
[
(wi +D + 1) + (wi +D + 1− li)
+
]
ui
(
1−
∑
j∈J
∑
k∈K
xkij
)}
,
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where (wi + djk − li)
+ = max{wi + djk − li, 0} is the patient tardiness, that is the number
of days waited after the due date. The first term represents the penalty for the scheduled
patients. For each scheduled patient i the penalty is composed by two parts: the number of
days djk spent before receiving surgery in the planning horizon and the tardiness (wi+d−
li)
+ of the patient. The term is weighted by the patient urgency parameter ui, in order to
give priority to the most urgent patients. The second term is associated with the penalty of
the unscheduled patients. It is the sum of the tardiness and the overall days spent waiting
for surgery before and after the beginning of the planning horizon, while for the scheduled
patients, the waiting days term consider also the days after the beginning of the planning
horizon. As real tardiness and waiting days cannot be computed for unscheduled patients
(we do not know when there will be scheduled), we use a lower bound to take them into
account, which is calculated assuming that all the remaining patients are scheduled the
first day after the planning horizon (D+1). Also for the unscheduled patients the waiting
time and the tardiness are weighted by the urgency parameter ui.
The set of constraints is the following:∑
j∈J
∑
k∈K
xkij ≤ 1 ∀i ∈ I : ri = 0 (2)
∑
j∈J
∑
k∈Kf
xkij = 1 ∀i ∈ I : ri = 1 (3)
∑
i∈I
t˜ix
k
ij ≤ γjk ∀j ∈ J, ∀k ∈ K (4)
∑
i∈I
∑
j∈J
t˜ix
k
ij ≤ αk
∑
j∈J
γj ∀k ∈ K (5)
zki ≥ 1−
∑
j∈J
xkij ∀i ∈ I, k ∈ Kp :
∑
j
x˜kij = 1 (6)
yki ≥
∑
j∈J
xkij − 1 ∀i ∈ I, k ∈ Kp :
∑
j
x˜kij = 0 (7)
∑
i∈I
zki +
∑
i∈I:ri=0
yki ≤ δk ∀k ∈ EK (8)
Constraints (2) ensure that each patient is operated at most once, while constraints (3)
ensure that each patient cancelled must be scheduled in one block belonging to week
k ∈ Kf . Constraints (4) are the stochastic capacity constraints for each block forcing the
total time in block j of week k to be lesser than or equal to the maximum available time γjk.
Constraints (5) are the week utilization constraints which bounds the total occupation of
blocks for week k to be less than the occupation parameter αk. Note that the value of αk is
equal to 1 for the first week of the planning horizon and decreases for the following weeks in
order to leave increasing slack capacity to manage new patient arrivals and emergency cases
in the future. Constraints (6) and Constraints (7) compute the number of cancellations of
pre-planned patients not yet scheduled and of new patients included in the schedule and
not previously scheduled, respectively. Constraints (8) and Constraints (??) bound the
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total number of distruptions between pre and post optimization to the value δk, a priori
determined, respectively, for the the set of next weeks Kf and the following ones.
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